Abstract-In mobile opportunistic networks, the network topology is unpredictable and very dynamic due to the existence of the mobile nodes in the network. The nodes' mobility affect the nodes' interaction frequency. Hence, it also affecting the social structure formation between nodes. In this paper, we study the impact of different mobility models namely Random Walk, Random Waypoint, Gauss Markov and D-GM on the social structure formation in opportunistic networks. The study shows that different mobility models have different impact on the social structures formation. Based on our experimental results, the Gauss Markov model provides better social structure compared to others because it creates more opportunities for a node to interact with different nodes.
I. INTRODUCTION
An opportunistic network has been developed by the networking community as an evolution of delay tolerant networking. Instead of end-to-end connectivity being available at a single point in time, connections may be intermittent and so the path of links between source and recipient is spread over a period of time, maybe with no complete path ever existing between sender and receiver [1] . The frequency of interactions between mobile devices is dependent on the mobile devices' mobility. Furthermore, mobility model plays a very important role in data dissemination in opportunistic network. Hence, it is vital to study and analyze the impact of different mobility models on the formation social structure.
In opportunistic networks, mobility model acts as a routing protocol. Routing protocol determines how data should be forwarded from one node to another nodes. Numbers of studies have been conducted to understand the impact of mobility model in the networks that has dynamic topology such as Mobile Ad-Hoc Networks (MANETs) [2] , Mobile sensor Network [3] and opportunistic networks [4] .
The impact of mobility model on MANET routing protocol has been studied in [5] . In this work the difference routing protocols are compared in terms of their performance using different mobility model. Similar in [2] , different mobility models are used to compare the performance of two protocols in mobile sensor network. In this paper, we compare the impact of different mobility model on social structure formation using sliding window social structure approach [4] . This work is part of research project on opportunistic networks to investigate the performance of data dissemination in mobile environment.
II. MOBILITY MODEL
Nodes in the simulation model move based on the Random Walk, Random Waypoint and Gauss Markov mobility models. Random Walk and Random Waypoint are categorized as movement independent, which means next movement is not influenced by its previous attributes. In contrast with Gauss Markov next location of a node is calculated based on the previous speed and direction. The following subsections describe the four mobility models used in the simulation.
1) Random Walk: Initially, each mobile node is given two random parameters, direction and speed. The node travels along the trajectory for a fix time interval. In our simulation, we assumed that nodes changed direction and speed every 30 seconds as to mimic the randomness of the human who walks randomly in open space. We called this time value an interval. For each interval, a new direction and speed will be assigned randomly. Note that, using a very short time interval, will confine the node movement in a small area because there is a possibility of nodes to move to their original position after moving to different locations.
2) Random Waypoint: Random waypoint is an extension of Random walk. This model has a pause time at each interval time, where nodes have to stay at a location for a certain period of time (pause). Before the node moves to a new location, the will be using a new direction (generated randomly) and speed which uniformly distributed between [minSpeed, maxSpeed] . In our simulation, the speed range is chosen between [4km/h, 8 km/h] which suite the pedestrians' walking speed. The pause time at each destination is 30 seconds.
3) Gauss Markov: Initially, each mobile node is assigned a random speed and direction. At fix interval time n, new value of speed and direction is calculated based on the following formula [6] .
Here s n , d n is the new speed and direction at time interval n. α ,where 0 ≤ α ≤ 1, is the tuning parameter used to vary the randomness.s andd are constant values representing the mean value of speed and direction. The s x and d x are the value taken from Gaussian Distribution with the mean equal to zero and standard deviation is equal to one. Thed is changed over time depending to the edge proximity of the node current location.
At each time interval the next location is calculated based on the Equation 3 and 4.
where (x n ,y n ) is the new location at interval n and (x n−1 ,y n−1 ) is the previous location at interval n − 1. The (s n−1 ,d n−1 ) are the previous speed and direction before moving to the interval n.
To ensure the nodes remain in the simulation area, the mean (d) of nodes is changed based on the nodes location as shown in Figure 1 which taken from [6] . For example if a node near to the left edge of the simulation area, thed is set to 0 degree. This forces a node to move towards the center. 
4) Directed Gauss Markov (D-GM):
A D-GM is a combination of two mobile models i.e. Random Waypoint model and Gauss Markov. The movement of a node is based on Gauss Markov mobility model. Each node has predefined stops which depends on a node's group. The D-GM mobility model takes the stop attribute from Random Waypoint mobility model. Each destination has predefined pause time.
Under the Gauss Markov model, the mean direction (d) of a node is determined based on which the simulation boundary a node is closer to. This determines the general direction where the node is heading to. In contrast with D-GM, the mean direction is set based on the node's group. Each group has predefined list of destinations to be visited.Further more, each group has different sets of priority values for different destinations.
The selection of a mean direction for a node depends on the list. Once the node has selected the mean directions, the Gauss Markov mobility model mechanism is applied to determine the next location. When the node reaches its target destination, the node will stop for certain period of time which based on the destination's pause time.
III. SOCIAL STRUCTURE FORMATION APPROACH
In this section we explain the formation of social structure using Sliding Window technique [4] . The following are the terms that will be used in this approach:
• Time step -a unit of time in the simulation.
• Period -is a period of time between t x to t x+n where n is the size of the period and x is a time step which can be represented as 1,2,3.....
• Slot -is a single time step in a period.
A. Social Structure based on a Sliding Window Frequency Interaction (SWFI)
Sliding Window approach using Sliding Window (SW) to determine the node interaction frequencies to form social structures. Sliding Window (SW) is a frame that subdivided into number of slots. Each slot holds an ID of a node that has established a connection. The ID in each slot is shifted one slot per simulation time. So, the contents of a frame changes over time. In our experiments, each node maintains its own SW locally. Each node records an ID of each node that it has established an interaction with. So, by compiling all information in SW, we can have frequency of interactions for a particular node at the specific time.
The following definition are the terms that are used in SW approach:
• Social Structure List (SSL) -records the nodes that are in a particular node's social structure.
• Social Structure Quota (SSQ) -is a maximum number of nodes that can be listed in SSL.
• Threshold -is a minimum frequency of a node found in a SW in order to be included in SSL.
• Link -is an edge between two nodes that are co-located more the threshold value.
Using this approach, we are able to capture nodes interaction frequency at a specific time. Figure 2 illustrates the SW mechanism. Based on the figure, the content of the slot is changed when a new input (node 6) is added into the window frame. All the contents are shifted by one at every time step. The last element in the frame will be deleted.
The SW is updated at every time step. Assume that the current time step is 28 and the size of SW is 5. The observed steps within the SW are 27, 26, 25, 24 and 23. The nodes that are listed in a SW are potentially nodes to be included in the node's Social Structure List (SSL).
A link is formed when a particular node is found in the SW greater or equal to the threshold value. For example, let the size of SW be 40 and suppose node A has discovered node B 20 times in its SW. If the threshold is set equal to 10, then a link is established between node A and B. However, the link between node A and B will be changed depending of the content of the Sliding Window after it has been shifted. 
IV. KEY PERFORMANCE INDICATORS (KPI'S)
In social network analysis, there are many metrics used to analyze and understand the roles of actors in social networks.In [7] , different centrality measurements are presented to analyze the social networks. In this paper, we focus on the closeness centrality metric measurement to evaluate our generated social structures. The closeness centrality measures how close a particular node is to all nodes using the average shortest distance. According to [8] , since closeness considers all pairs of nodes, it reflects the global connectivity of the social network structure. Closeness centrality is designed to work on symmetric data, where each edge has no direction, as shown in Figure 3(a) . Closeness centrality for symmetric data uses a single measurement to represent in and out degree of a node connections. However, in non-symmetric data, an edge between nodes has a direction as shown in Figure 3(b) . A single measurement cannot represent a node connection to other nodes. This is because each link has a direction which shows the direction of the relationship between nodes. For example, node B can reach node C via node A but node C cannot reach node B because there is no edge from node C to other nodes. Therefore, to measure the closeness for non-symmetric data, Out Closeness and In Closeness is used.
"Out closeness (outCC i )" measures how close (in terms of distance) node i to other nodes. The outCC i can be calculated using Equation 5 , where i = j and d ij is the length of the shortest path from node i to reach node j in a given network. In the case there is no path between node i and j, the distance between node i and j is set to the maximum distance i.e the number of nodes that are found in the graph. A larger outCC i value indicates that nodes are very close to each other as the value value of d ij is smaller. So, a node that has a large outCC i value has a greate potential to disseminate data quickly.
"In closeness (inCC i )" measures how close (in term of distance) from all nodes back to node i. Equation 6 is used to calculate the inCC i value for a particular node i, where i = j and d ji is the length of the shortest path from node j to reach node i in the networks. This metric measures how close other node to a particular node. A larger inCC i value indicates that a node has potential to receive information very quickly from other nodes.
Our data is non-symmetric, an edge has direction. The direction of an edge shows the flow of information. For example if node a forwards data to node b, then the edge direction is from node a to node b. If node b forwards data to node a, then the edge direction is from node b to node a. So, to measure both cases closeness centrality, we deploy outCC i and inCC i measurements in all our social structure results.
V. RESULT-SOCIAL STRUCTURE BASED ON SLIDING WINDOW FREQUENCY INTERACTIONS (SWFI)
The results presented in this section are constructed based on Sliding Window Frequency Interaction (SWFI) approach as explained in Section III-A. 
A. SWFI Social Structure using Random Walk
From Figure 4 , we can observe that the number of links between nodes decreases when the threshold value is increased. This is because it is difficult for a node to be co-located with the same nodes within in a short period of time. As can be seen in Figure 4 (f), when threshold increases, the social structure between nodes degrades. This is because it is hard for a node be co-located frequently with the same nodes in a short period of time. Increasing the period of time from 500 to 1000 time steps change the social structure formation. This is mainly because nodes have more opportunity or time to see other nodes which indirectly enrich the social relations between nodes. This is can be observed when we compare the social structure in Figure  4 (a) and Figure 5 (a) which respectively using 500 and 1000 time steps.
Based on the statistics in Table II , we found that the closeness centrality value increases when the social structure is captured after 1000 time steps. This shows that the formation of social structure is improve over time. 
B. SWFI Social Structure using Random Waypoint
Random Waypoint mobility is variation of Random Walk mobility model. It moves randomly and stop at certain location for a period of time before move to the next destination. Thus, it limits the nodes interact with different nodes. Based on Figure 6 , increasing the threshold value decreases the number of links. This is because it is difficult for nodes to maintain a relationship with the same nodes as both of them must be in range frequently. As in the previous experiments, capturing a social structure after 1000 time steps simulation has a different pattern as compared to social structure pattern after 500 seconds. A greater number of links are found after 1000 time steps. This is due to the fact that nodes have more time to discover different nodes in a long period of time. Figure 7 shows the social structure that capture after 1000 time steps.
Refer to Table III , the average closeness centrality value between nodes are not much different. This implies a weak link of social structure formation.
C. Social Structure using Gauss Markov
The Gauss Markov mobility model determines the next node's position based on the current node's location. This mechanism helps nodes to discover the same nodes more fre- quently as compared to random assignment that implemented in Random Walk and Random Waypoint mobility model. In Figure 8 , we can see many links are formed between nodes when the threshold is small. This is because it is easy for nodes to be part of another nodes social network, since a node only needs to be co-located with same node twice or more within the same Sliding Window.
In Figure 9 , we can see that all nodes are connected to the network when the threshold is small. This actually increases the accessibility to reach other nodes very quickly. As we can see in Table IV , the average value of closeness centrality is very high which shows that there is strong links between nodes. 
D. Social Structure using D-GM
In Figure 10 we can observe that all nodes in the network are almost connected with small threshold. This is because nodes have more opportunity to be co-located more frequently. However, when using a big threshold value, it hard for the same nodes to be co-located more frequently in the given sliding window.
A pattern of social structure after 1000 time steps is different than the social structure after 500 time steps. This indicates that the social structure using the SWFI approach captures different social structures based on the current nodes interactions. This is shown in Figures 10 and 11 . Looking at the statistics in Table V , the average value of closeness centrality is very high. This means that nodes are very close to each other. However, when using a big threshold value, only a few nodes are connected. 
VI. DISCUSSION
From the experimental results we found that the policy of forming social structures (represented by threshold parameter) among mobile nodes affects the density of social structure formation. For example, by increasing the size of threshold, the density of social structures formation between nodes is decreased. Other than threshold parameter, the mobility model also affects the social structure formation. As shown in the results, the Gauss Markov mobility model generates more social links compared to the Random Walk and the Random Waypoint mobility models. This shows that the link establishment policy (threshold) and mobility model are important factors in order to form a significant social structure among the mobile nodes in opportunistic networks.
VII. CONCLUSION
In this paper, we have considered the effects of different mobility models using on theformation of social structure in opportunistic networks. Four mobility models have been evaluated i.e. Random Walk, Random Waypoint, Gauss Markov and D-GM. These mobility models have different impact on the SW social structure formation. Based on our experimental results, the Gauss Markov mobility model gives the best social structure formation compared to other mobility models. This is mainly because the Gauss Markov creates more opportunities for any node to interact frequently. Moreover, the movement procedure of the Gauss Markov is also contributed to the best formation of social structures in opportunistic networks. 
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